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proposedalgorithm．
ｌｌｎｔｒｏｄｕｃｔｉｏｎ ningisaccomplishedbyfindingapaththrougha
graphconnectingverticesofthefbrbiddenregions
(obstacles）Theiralgorithmisnotbasedonthe
potentialfieldmethodsbutwere化ritbecauseitis
concerningtheoptimizationproblems、Hocaoglu
andSanderson[10]haveproposedanevolutionary
pathplannerfbrmultidimensionalpaths，which
ismuchmoreeffbctivethanseveralexistingalgo-
rithms、Ｔｈｅｄｒａｗｂａｃｋｉｎａｂｏｖｅｗｏｒｋｓｉｓｔｈａｔｔhe
descriptionoftheallpossiblepathsisquitecom-
plicated・Becauseofthis，evenwhenthenumber
oftheobstaclesincreasesonlybyone，therear-
rangementofthedescriptionbecomesquitetrou‐
blesomeandthecomputationalcostseemstobe
comparativelyhigh
Theproposedinthispaperalgorithmisasig-
nificantimprovementoftheproposedonebySun
etqJ[4lItsolvesthelocalminimumproblemsand
generatesoptimalpathinrelaｔｉｖｅｌｙｓｍａｌｌｎｕｍ－
ｂｅｒｏｆｉterationsTheassumptionsmadeintｈｉｓ
ｗｏｒｋａｒｅｔｈａｔｔｈｅｒｅｉｓｆｉｎｉｔｅｎｕｍberofstation‐
arypolygonalobstacleswithfinitenumberofver-
tices，ａｎｄｔｈａｔｔｈｅｒｏｂｏｔｐｏｌｙｇｏｎａｌｓｏｈａｓａfi-
nitenumberofvertices・Inordertoreducethe
problemofpathplanningtothatofnavigatinga
point，theobstaclesareenlargedbytherobot，s
polygondimensionstoyieldanewsetofpolyg-
onalobstacles、Ｔｈｉｓ“enlargement，，oftheobsta-
clesisawell-knownmethodintroducesfbrmally
Inthispaperweproposeanalgorithmfbrsolv‐
ingthepathplanning-problemfbrapolygonalrobot
inatwo-dimensionalknownenvironment，where
theobstaclesarestationarypolygonSThepro‐
posedalgorithmisingeneralbasedonthepo-
tentialfieldmethods・Ｉｔｉｓｗｅｌｌｋｎｏｗｎｔｈａｔｔｈｅ
ｓｔｒｅｎｇｔｈｏｆthesemethodsisthat，withsomelim-
itedengineering，itispossibletoconstructquite
eflicientandrelativelyreliablemotionplanners[1l
Butthepotentialfieldmethodsareusuallyincom-
pleteandmayfailtofindafreepath，evenifone
exists,becausetheycangettrappedinalocalmin-
imum[2,3,4IAnotherproblemwiththepotential
fieldmethodsisthattheyarenotsomuchsuitable
togenerateoptimalｐａｔｈ
Pathplanningfbrcar-likerobotsisafUndaF
mentalissueinthefield・Intherecentyears，the
navigationprobleminknown[1,4]ａｎｄunknown
[5,6,7,8]environmentswasoftenaddressedi、
literatureThepurposeofthepathplanneristo
computeapathfromthestartpositionofthevehi-
cletothegoaltobereachedTheprimaryconcern
ofpathplanningistocomputecolJjsjon一介eepaths、
AnotherimportantissueistocomputetheoptjmaJ
pathbringingthevehicletothefinalposition・
Lozano-P6rezandWesley[9]ｈａＮ'eproposedan
algorithm（calledVGRAPHalgorithm）closeto
theoptimizationapproach,inwhichthepathplan-
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byLozano-PbrezandWesley[9）
Thepaperisorganizedasfbllows・Inthenext
sectionwegiveadefinitionofthemaprepresenta涙
tionlnSection2wedescribethetheoreticalback-
groundfbrdevelopmentofthealgorithmSection
３isthecentralpartofthispaperanddescribesthe
ProposedalgorithmfbrapathplannerlnSection
４weshowtheefIectivenessoftheproposedalgo-
rithmbypresentingtwosimulationresults・Inthe
finalsectionwearediscussingtheresultsandsome
plansfOrfUturedevelopments、
２Preliminaries
lnthissectionsomepreliminaryresultsabout
thedescriptionoftheobstaclesmapandthecal-
culationofoptimalpatharegiven[４１Thesection
consistsoftwosubsections・Firstweshowhow
theobstaclesaredescribedandwhatkindofpo-
tentialfmctionischosen・Next，thepathplanner
descriptionispresentedbrieHy、
２．１０bstaclesdescription
Everyobstacleisdescribedbyaneuralnetworkaｓ
ｓｈｏｗｎｉｎＦｉｇｕｒｅｌＴｈｅｉｎｐｕｔｓｏｆｔｈｅｎetworkare
thecoordinatesofapoinｔｏｆａｐａｔｈＴｈｅｏｕｔｐｕｔ
ｎｅｕｒｏｎｉｓｄｅｓｃｒibedbythefbllowingexpression，
whichiscalledqrepu/sil）epenQlt1/九nctjon(RPFソ
andhasaroleofrepulsivepotential
可●－．
Ｆ
」
ｎlayer
④ ④ 】１１１㎡
Ｆｉｇ．１：Obstacledescriptionnetwork
tion（１）orequaltoIHmmthecaseofequation
(3)Thepseudotemperatureisgivenas：
T(:)-1.息:=$， （５）
Finally,IHmisgivenbytheactivatingfimction
IHm＝ｕﾉｪｍｚｉ＋ｕノリｍＺ/i＋ＯＨｍ （６）
ｗｈｅｒｅｚｉａｎｄｙｄａｒｅｔｈｅｃｏｏｒｄｉｎａｔｅｓｏｆｉ－ｔｈｐｏｉｎｔ
ｏｆｔｈｅｐａｔｈ，此ｍａｎｄｕ）gmareweights，ａｎｄＯＨｍ
ｉｓａｂｉａｓ，ｗｈｉｃｈｉｓｅｑｕａｌｔｏｔｈｅｚｏｒｙｃｏordinates
oftheverticesofanobstacle、Ｉｎｏｔｈｅｒｗｏｒｄｓｔｈｅ
ｎｕｍｂｅｒｏｆｔｈｅｎｅｕｒonsinthehiddenlayerisequal
tothｅｎｕｍｂｅｒｏｆｔｈｅｖｅｒｔｉｃｅｓｏｆａｎｏｂｓｔａｃleand
everyobstacleisdescribedｗｉｔｈａｎｅｔｗｏｒｋａｓｉｎ
Ｆｉｇｕｒｅｌ
ＥｘａｍｐｌｅLFigure2showsadescriptionof
rectangleobstacle・Theverticeshavecoordinateｓ
(０２，０２),(0.8,02),(08,0.7),ａｎｄ(02,07）The
obstacleisdescribedbythefbllowingequations．
ｚ－０．２＞０－ｍ＋０．８＞０
９－０．２＞０－z/＋０．７＞O
Alltheweightsarechosenasshowninthefigure、
２．２Pathplanning
ThestateofthepathisdescribedbythefOllowing
energyfimction．
Ｅ＝ｕＥｌ＋Ｕ)ＣＥＣ （７）
whereTDlandu)。areweights（u)!＋u).＝１),El
depictsthesquaredlengthofthｅｐａｔｈ
Ｎ－１ノＶ－１
Ｅ１＝ZL1＝Ｚ((亜j+1-z‘)2+(9i+1-9i)2),(8)
ｉ＝１ ｔ＝１
andEcisgivenbytheexpression．
／ＶＫ
Ｅｃ＝ＺＺＣｌ（９）
ｆ＝１A＝１
Ｃ＝ノ(わ）（１）
ｗｈｅｒｅＩＯｉｓｔｈｅｏｕｔｐｕｔｏｆｔｈｅｈｉｄｄｅｎｌayerand
takesaroleoftheinducedlocalfieldoftheneuron
fUnctionノ(.)．
Theoutputneuroninputis：
M
ID＝ECH癖＋0Ｔ （２）
ｍ＝ｌ
ｗｈｅｒｅＯＴｉｓａｂｉａｓ，equaltothenegativenuln-
beroftheverticesofanobstacledecreasedbyO5、
Thischoicemakesthevalueofルbecomelessthan
O5,whichassuressmallpseudotemperaturefbrthe
outputneuronfUnction・OHminequation(2)iｓ
ｔｈｅｏｕｔｐｕｔｏｆｔｈｅm-thneuronofthemiddlelayer
and
OHm＝ノ(IHm)，ｍ＝１，…,Ｍ （３）
whereIHmistheinputofthem-thneuronofthe
middlelayerandhasaroleofinducedlocalfield
oftheneuronfUnction・TheneuronfUnction（）
hasthefbrm：
１ （４）/(z)＝，＋e_麺/T
whereTisthepseudotemperatureandtheinduced
localfieldoftheneuronzisequaltoルfbrequa戸
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Fig.２：Ｄescriptionnetworkfbrarectangle
0ｗｈｅｒｅｊＶｉｓｔｈｅｎｕｍｂｅｒｏｆｔｈｅｐｏｉｎｔｓｂｅｔｗｅｅｎｔｈｅ
ｓｔａｒｔａｎｄｇｏａｌａｎｄＫｉｓｔｈenumberoftheobsta-
cles・
Theideaistominimizeequation（７）ｗｈｉｃｈ
ｍｅａｎｓｔｏｏｂｔａｉｎａｎｏｐｔｉｍａｌｉｎｌengthpath，which
doesnotcollidewithanyoftheobstacleslnor-
dertominimize(7)theclassicalfimctionanaly-
sismethodsareappliedFirst，ｗｅｆｉｎｄｔｈｅｔｉｍｅ
ｄｅｒｉｖａｔｉｖｅｏｆＥ：
０ 0.4 0.8
Fig.３：napezoidalobstacle（Example2）
pseudotemperaturesareequaltoeachother，ｉ、
βｍ＝０．５
the
，ｅ、
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等-;二'州く, (12）
where77isascalingfactor、Ｎｏｗ，fromequations
(11)，
型十鶚＝-2……-$art ２０
型十等ａｙｉ －２yi＋，＋４３/ｉ－２ｙｊ－， （13）刎型伽 ａｃｌＯ(わ)！
Fig.４：ＦｏｒｍｏｆｔｈｅＲＰＦｆｂｒＥｘａｍｐｌｅ２0(わ)#ａｚｉ
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Ｍ
＝ノ'((ＩＤ)！)(Ｚ/MIH露)!)u）$､）('4）
ｍ＝１
ThisleadstothefinalfbrlnofthefUnction：
､ｉ＝－〃(2ｕ(2zi-zi-1-zj+,）
Ｋ Ｍ
＋iUcZ/'((ん)！)(Ｚ/MIH諭)!)､い
ん＝１ ｍ＝１
Zﾉﾎﾟｰｰﾜ(2u）!(22ﾉi-yi-1-yi+,）
Ｋ Ｍ
＋iUcZ/'((ＩＣ)！)(Ｚ/Ｍ１川)！)"$､))('5）
ルー１ ｍ＝１
whereノ'isgivenbythefbllowingexpressions
八)＝＝()('一八)）
Ｍ＝＝伽朏刷）（'6）
Inequations（15）thefirstmemberintherights
sideisfbrthepathlengthoptimizationandthe
secondoneisfbrtheobstacleavoidance、
２．３Discussion
Oneoftheimportantadvantagesofabovealgo-
rithmisthatitallowsparallelisminthecalcula-
tionsoftheneuralnetworkoutputs,whichleadsto
increasingthespeedofthecalculations・Unfbrtu-
nately,asacommonproblemofthepotentialfield
algorithms,somediHicultiesariseinadjustmentof
thepseudotemperaturesintheequation(4)．Ａｓ
ｉｔｉｓｓｈｏｗｎｉｎｔｈｅｅｘａｍｐｌｅｓｂｅｌｏｗ，insomecases
thealgorithmcannotproduceoptimalinlength
pathandevencangeneratepathswhichmightbe
unrealizable
Example2：Atypicalexampleiswhenthe
shapeoftheobstacleisnotaregularpolygon、One
exampleisthetrapezoidalshapeasshowninfigure
３．InthiscasethepenaltyfUnctionchangesas
showninfigure4andasaresultofthisitappears
that,ｆｒｏｍthepointofviewofthealgorithm,ｔｈｅ
ｐａｔｈｉｓｔｈｅｓｈｏｒｔｅｓｔｏｎｅａｎｄｄｏｅｓnotcollidewith
theobstacle(figure３)．Inthiscasethereareno
pointslyinginsidetheobstacle，ｂｕｔｉｎｆａｃｔｔｈｅ
ｐａｔｈｄｏｅｓｎｏｔａｖｏｉｄｔｈeobstacleThisisbecause
theRPFincreasesfasterfbrlongedges,ａｎｄｆｂｒｍｓ
ａｍａｘｉｍｕｍａｔｔｈｅｌｏｎｇｅｓｔside・Afterdecreasing
thevalueofthepseudotemperaturefbrthelong
edgeaperfectavoidanceisdone(seefigures6and
5）Asshowninfigure5,afterthedecreasingthe
initia1valueofthepseudotemperaturefbrthelong
edge，ｔｈｅｍａｘｉｍｕｍｏｆｔｈｅＲＰＦｉｓｍｏｖｅｄｉｎｓｉｄｅ
ｔｈｅｓｕｒｆａｃｅｏｆｔｈｅＲＰＦａｎｄｔｈｅｒｅｐｕｌｓｉｏｎｏｆｔｈｅ
ｐｏｉｎｔｓｏｆｔｈｅｐａｔｈｂｅｃｏｍｅｓａｓｉｎｆｉｇｕｒｅ６
Ｅｘａｍｐｌｅ３：Anotherproblem，whicharises
whentheabovealgorithmisused,ｉｓｔｈａｔｉｎｍａｎｙ
２
０
Fig.５：ＴｈｅｇｒｏｗｔｈｏｆｔｈｅＲＰＦｗｉｔｈｍｏｄｉｆｉｅｄ
ｐseudotemperaturesfbrExample2
casesthecalculationmaynotgiveanoptimalpath
Atypicalexampleisshowninfigure7・Thisusu-
allyhappensbecauseevenwhenthepathdoesnot
collidewithanyobstacletheminimizationproce-
durefOrtherepulsivepartofequation（15）ｃon‐
tinuesFinally，thismightleadtoproducingof
trajectories,whicharesometimesalmostunusable
orevenunrealizablelnaddition,itoftenhappens
thattheconditionfbrflnishingofthecalculations
mightnotbesatisfiedeasily,ｂｅｃａｕｓｅｏｆｗｈｉｃｈｔｈｅ
ｎｕｍｂｅｒｏｆｔｈｅｉｔerationsincreasesdrastically・Ac-
tually，ａｆｔｅｒａｌｌｔｈｅｐｏｉｎｔｓｏｆｔｈｅｐａｔｈｌｅａｖethe
obstacles,thereisnoneedtocontinuethecalcula-
tionsfbrtherepulsionofthepoints・Thisisshown
inthenextsection．
３Algorithm
lnthissectionamodificationofthealgorithm
showninSection2isproposed・Thecalculations
fbrthepathareconceptuallycomposedbythefbl-
lowingsteps：
LInitialstep
(a）Letthestartpositionoftherobotiｓ
（zo,yo),andthegoalpositionisdenoted
as(zﾉv-,,1ﾉﾉv-,）
(b）ＡｔオーOthecoordinatesofthepointsof
theinitialpath(straightline)(鰯,Zﾉｉｉｉ＝
1,2,…,Ｎ－２)areassignedas
zi=zo＋j(2Ｗ-,-,0)/(1V－１）
Zﾉｶﾞｰ(Zﾉﾉv-1-Zﾉo)(zd-zo)/(⑳ﾉv-,_zo)＋yo(17）
ｉ・ethedistancebetweenthepointsis
equal．
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２
０
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１
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０
０
０
０
1.6
1.2
0.8
0.4
０
0.8 ００．２０．４０．６０．８１１．２１．４１．６１．８０ 0.4
Ｆｉｇ．６：PerfectobstacleavoidancefbrExample
2：theinitialpseudotemperaturesaremodifiedas
β1＝0.5,β2＝0.5,β3＝0.2,β4＝0.5
Ｆｉｇ．７：Ｅｘａｍｐｌｅ３：Ｔｈｅｐａｔｈｉｓｎｏｔｏｐｔｉｍａｌ
asexplajnedbelow，areusedfOreverylayer
oftheneuralnetworklnequations(18ハリ，
isasmallenoughsothatthelocalminimums
becontinuouslysearched，while〃２ischosen
muchbiggertoallowdecreａｓｉｎｇｏｆｔｈｅｎｕｍ－
ｂｅｒｏｆｓｔｅｐｓｆｂｒｒｅachingshorterpath
3・Perfbrmptimesthecalculationsofｓｔｅｐ２，
ｉ・efindzi(t＋p),ｙd(t＋p)(i＝1,2,…,jV-
２),wherepisanysuitablenumber,sayｐ＝
１００．
Theobstacleshereareenlargedbytherobot，s
polygondimensions[9）
2.Fbrthepoints(zWi）ofthepathwhichlie
insidesomeobstacle，theiterationscontinue
accordingtothefbllowingequations：
鋤＝－〃,(2uﾉﾉ(2zi-zi-1-zi+,）
Ｋ Ｍ
+⑩｡Ｚ/'((ＩＤ)!)(Ｚ/MIH麺)！)⑩:､)）
Ａ＝１ ｍ＝１
ｚ/ｉ＝_ﾘ,(2uﾉﾊﾞ2Z/i-yi-1-Zﾉｶﾞ+,）
Ｋ Ｍ
+tUcZ/'((ID)!)(ヱノＭ功緬)！)ｕｊｉｍ))，
k＝１ ｍ＝１
ｉ＝１，２，…，１Ｖ－２
4．nstfbrconvergence
Calculatethedistancebetweenthepoints
（zi(t),ｙｉ(t)),andthepoints(qFi(t＋p),Zﾉﾎﾞ(t＋
ｐ)）(j＝1,2,…,１Ｖ－２),ｉｅ．(18）
i＝ｊＶ－２
Ｚ((z`(t+p)－麺`(t))，
ｉ＝１
+(D`(t＋p)＿Zﾉ`(t))2)l/２
Fbrthepoints（zWi）situatedoutsidethe
obstacles,theninsteadofequations(18)use
thefbllowingequations：
。
(20）
~Ｍｊｌ(2ｚｉ－ｚｉ－１－ｚｄ+,）
~〃2ｕｊｌ(2yi-zﾉd-1-yi+,）
。
０
・
２
ｍ
．
〃
ツ ●Ｉｆｄ＜ethenthealgorithmterminates
withtheconclusionthatthegoalisreached
viaanoptimalpath．
・Ｉｆｄ三ｓ,ｔｈｅｎＧＯＴＯｓｔｅｐ２
ｗｈｅｒｅＥｉｓａｓｍａｌｌｃｏｎstant，ｓａｙＥ＝0.1．
Hereagaineveryobstacleisdescribedusinganeu-
ralnetworkasshowｎｉｎＦｉｇｕｒｅｌ，butwedefine
difIerentpseudotemperaturesfbreverylayer・Ｔｈｅ
(19）
ｉｅ・ｆｂｒｔｈｅｐｏｉｎｔｓｏｆｔｈｅｐａｔｈｌｙｉｎｇｏｕｔｓide
obstacles，wecontinuethecalculationwith
thｅｇｏａｌｔｏｍｉｎｉｍｉｚｅｏｎｌｙｔｈｅｌｅｎｇｔｈｏｆthe
path
Hereequations(18)arealmostthesameas
equations（15）withthedifIerencethatin-
steadｏｆｏｎｌｙｏｎｅＲＰＦ，difIerentfUnctions，
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Fig.８：Simulationl：βＯ＝０．４，．＝2.03331,
uﾉc＝０５，uﾉﾉｰ0.5,〃1＝0.1,〃2＝30,3000iterations，
z(0)＝025,z/(O)＝1.7,ｚ(IV-1)＝14,z/(jV-1)＝
0.6
Fig.９：Simulation2：βＯ＝０．４，．＝２．５，ｕﾉｃ＝
０．５，ｍ【＝０．５，り，＝０．１，り２＝３０，２８５０iterations，
z(O)＝0.25,Z/(O)＝1.75,ｍ(Ⅳ－１)＝１４，Z/(ｊＶ－
１)＝Ｃｌ
outputneuronisdescribedagainbyequation(1)，
theneuronfUnction/(）issameasequation(4)
andthepseudotemperatureisasinequation（５）
Thehiddenlayer，sinputsareasinequation（２）
bｕｔｔｈｅｏｕｔｐｕｔｓＯＨｍｎｏｗｂｅｃｏｍｅ
Inthesesimulationsthenumberofthepointsbe-
tweenthestartpositiｏｎａｎｄｔｈｅｇｏａｌｗａｓｓｅｔｔｏ
８０（Comparativelysmallnumberofpoints）Ｉｎ
ｔｈｅｂｏｔｈｅｘａｍｐｌｅｓｔｈｅｖａｌｕｅｓｏｆｔｈecoefficients
inequationsofthealgorithmwerenotchanged
andasshｏｗｎｉｎｔｈｅｆｉｇｕｒｅｓｔｈｅｎｕｍｂｅｒｏｆｔｈｅｉt-
erationsissmall(approximately3000iterations）
Infact，theauthorshaveperfbrmedseveralsimu-
lationsusingdifIerentenvironments，inwhichthe
obstaclesweresituatedinmanydifferentways、In
allthesimulationsthepathsweresuccessfUllygen-
eratedandthetimefbrthecalculationsweremuch
smallercomparedtothesefbrtheoriginalalgo‐
rithm、FigurelOshowsthefinalshapeofthｅＲＰＦ
ｆｂｒｔｈｅｓｉｍｕｌａtionenvironment・
Comparedtotheoriginalalgorithmｔｈｅｐｒｏ－
ｐｏｓｅｄｈｅｒｅｉｓｎｏｔｓｏｍｕｃｈｓｅnsitivetothevalues
ofthecoeflicients、Itwasconfirmedbysimulations
thatthecoeflicientsshouldbechosenasfbllows．〃，
cantakeanyvaluebetweenO・ｌａｎｄ0.3．〃２nlay
haveanyvaluebetween０．１ａｎｄ３０，andasbig772
istheshortestlengthofthepathisreachedfaster．
βmmaybesuccessfUllybetweenO・ｌａｎｄ０．５．
１ｔbecomesclearfromtheabovesimulations
thatthepracticabilityoftheproposedalgorithm
dependsonthedevelopmentofsomemechanism
fbrchoosingtheinitialvaluesofthepseudotem-
peraturesβm、Thisisthesubjectofresearchnow
lnprogress．
(21）OHm＝/H､(IHm)，ｍ＝１，…,〃
withIHmbecomingtheinducedlocalfieldofthe
neUrOnfUnCtiOn血､：
１ (22）/fMIHm）＝
and
１＋ｅ－ＩＨｍ/THm(t）
βｍ （23）THm(t)＝ｌｏｇ(,＋#）
Finally,IHmisgivenbytheactivatingfimction
(6)Note,thattheequations(4)ａｎｄ（22)have
difIerentpseudotemperatureswhichisoneofthe
importantconditionsfbrconvergenceofthealgo-
rithmandgenerationofalmostoptimalpath
４Simm1ationresults
TbshowtheefIectivenessoftheproposedin
thispaperalgorithm,twosimulationexamplesare
giveninthissection・Figures8and9showthe
resultsofsimulationofpathplanninginacom-
plicatedenvironment・Theobstaclesareshownin
theiroriginalshapes，ｉ､e・without“enlargement，，．
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Ｉｎｔｈｉｓｐａｐｅｒｗｅｈａｖｅｐｒoposedanalgorithm，
whichguaranteesaplanningofnearoptimalin
lengthpathfbrcar-likerobotslnovinginqprjorj
knownenvironment・Theproposedalgorithmcon-
cernsonlytwo-dimensionalworld，ｗｈｉｃｈｉｓｃｏｍ‐
parativelystrongrestriction・However，ｔｈｅｄｅ‐
scriptionoftheobstacleswhichweapply，allows
easilyextendingthealgorithmfbrthree-dimensional
environment・Thiswillallowtoconstructmorere-
alisticpaths・
Theproposedalgorithmisasignificantimprove-
mentofthepotentialfieldalgorithmsbecauseit
findsanoptimalpathwithoutbeingtrappedin
localminimumsandthecalculationspeedfbrthe
proposedalgorithmiscomparativelyfast・The
algorithmsolvesthenavigationprobleminvery
complexenvironmentssuchaspolygonalmazes・
Thisisbecausetheonlyassumptionsmadeare
thattheobstaclesarestationarypolygonswith
afinitenumberofvertices・Thecalculationsfbr
theoptimizatｉｏｎｏｆｔｈｅｐａｔｈａｎｄｔｈｅｓｅｆｂｒｔｈｅｏｂ－
stacleavoidanceareseparatedBecauseofthis，
ｗｈｅｎｔｈｅｒｅｉｓｎｏｎｅｅｄｔｏｓｅａｒｃｈｆｂｒａｓhortpath
theiterationscanbestoppedaftertheavoidance
iscompleted
Thereareseveralproblemslefttoｂｅｓｏｌｖｅｄ
Forexample，ｗｈｅｎｉｎｔｈｅｉｎｉｔｉａｌｔｉｍｅ･thestart
andthegoalpointslieexaｃｔｌｖｏｎａｌｉｎｅｗｈｉｃｈｃｏ‐ｑノ
ｉｎｃｉｄｅｗｉｔｈｔｈｅａｘｉｓｏｆｓｖｍｍｅｔｒｖｏｆａnobstacle，V
thepathcollidewiththeobstacle、Ｔｈｉｓｉｓａｃｏｍ－
ｍｏｎｐｒｏｂｌｅｍｆｂｒｍｏｓｔｏfthealgorithms,basedin
potentialfieldandthereisaneedtotakespecial
measuresagainstsuchcases
Wehaveassumedthroughoutthispaperthat
therobotperfbrmsexactmotion・Thisassumption
isnotpracticalbecausethephenomenonofwheel
slippagewhichcreateserrorsbetweentheplanned
andtheactualpathexecutｅｄｂｙｔｈｅｒｏｂｏｔ、This
assumptionmaybeomittedifafeedbackfbrcom-
parisontheactualpositionoftherobotandcalcu-
latedoneisintroducedandifadifferenceoccurs
arespectivecorrectioninthepaｔｈｂｅｉｎｃｌｕｄｅｄ
Ｗｅａｒｅｉｎｐｒｏｃｅｓｓｏｆｅｘperimentalrealizationof
theproposedalgorithmusinga“Khepera，，car-like
robotbywhichweareplanniｎｇｔｏｓｏｌｖｅｔｈｅｐｒｏｂ－
lemsarisingwhennotexactmotionisperfbrmed．
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